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Abstract 

 

This study examines panel effects (rotation group bias in unemployment estimates) using paradata 

from the Current Population Survey (CPS).  The CPS is administered to a household for four 

consecutive months, followed by a break of eight months, and then interviewed another four 

consecutive months.  These eight interviews (panels) form the basis of this analysis.  There are 

multiple theories that might explain an observed decline in unemployment rates over the waves, 

which this study explores. Paradata, including respondent contact history recorded by 

interviewers, may help understand those effects.  
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1. Introduction 
 

The present study uses reluctance concerns from the Contact History Instrument (CHI) and other 

paradata to explore the experience of the respondents with the Current Population Survey (CPS).  I 

wanted to explore the panel effect of rotation group bias in the Current Population Survey.  The 

most studied bias is the decline of the unemployment rate over the time in sample (Bailar, 1975; 

Solon, 1986; Erkens, 2012; Mansur and Cheng, 2012; Cheng, Larsen, and Wakim, 2013).   

 

Figure 1: Unemployment rate by time in sample for 8 panels. 
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One of the concerns with repeated interviews is when the estimates vary in a pattern that suggests 

bias.  The decline in unemployment (Figure 1) is nearly 2 percentage points from the first to the 

last time in the sample.  

 

There is no economic reason for the decline in unemployment over the time in sample to happen.  

It has been hypothesized that it could be due to a number of possible reasons.  The four hypotheses 

considered in this article are: 

 

1. Attrition: unemployed leaving the sample at a higher rate (nonresponse bias propensity 

models are used to study this effect).  

2. Moving: Those who move could similarly affect the unemployment rate if those who 

move out were unemployed and those who moved in were employed.   

3. Measurement error: over the course of eight waves, respondents may differentially 

understand, or learn, the concepts of unemployment and “not in the labor force”.  Thus, 

they change their status in later interviews, based on this understanding.   

4. Proxy reporting: There may also be a Hawthorne effect (Mayo,1993), where the act of 

interviewing changes the behavior of the respondents.   

 

2. Data Sources 
 

The CHI was designed to collect information about each contact attempt made by a field 

representative (FR); including information about why respondents refuse (Dyer, 2004).  The 

Current Population Survey (CPS) is a source of estimates for the unemployment rate.  Details 

about the CPS can be found in Technical Paper 66 (Census, 2006).   The CPS is the primary 

source of information on the labor force characteristics of the U.S. population.  The CPS uses a 

multistage probability sample based on the population counts from the decennial Census. The 

proportion of sample households not interviewed in the CPS due to non-contact or refusals 

typically varies between eight and ten percent.  Data may be collected either in person or by 

telephone, although the first and fifth interviews are supposed to be in person.  This study does not 

consider households where data are collected by telephone centers (CATI, about 11%), but does 

consider those where the field interviewer chooses to collect data by telephone. 

 

CHI was added to the CPS in 2009 to collect detailed contact history data (Bates, 2004). The 

interviewer records times and outcomes of attempted contacts, problems or concerns reported by 

reluctant households, and strategies used to gain contact or overcome reluctance. This provides a 

very rich source for studying the interview process.  However, this study only used the answers 

recorded by interviewers in response to a question about reasons for not responding reported by 

reluctant and difficult to contact households.  Data from 2009 through 2011 was matched 

longitudinally to provide the changes in concerns and employment status studied here, with 

159,860 households. 

 

3. Methods 
 

Understanding concerns that respondents have about participation and reasons behind their reluctance 

can help in estimating nonresponse bias.  Logistic models were used to predict refusal and 

noncontact using the CHI data as predictors.  The predicted values from those models serve as the 

propensity to respond or be contacted.  Those respondents who were most like the nonrespondents 

were used as substitutes for the nonrespondents, and the comparison of the two groups give a 

measure of potential nonresponse bias (refusal and noncontact are analysed separately to study the 

effect of attrition).  The CHI also has information on household moving.  The CPS has information 

on education, which is used as an indicator of potential measurement error. Other studies have found 

education level to be one of the better predictors of measurement error, although a more sophisticated 



model could be used in a future study.  The CPS also has information on proxy status, with about half 

the cases collected by proxy. 

 

Figure 2: Relative frequency of concerns in Wave 1. 

 

 

4. Results 

 

In the CHI, the most common concern expressed by respondents during the first interview was 

“busy” (Figure 2), followed by “schedule difficulties”, and “not interested”.  Other notable 

concerns were “time the interview takes” and “privacy concerns”. Since many of the categories 

are low frequency, this is a challenge for analysis.  However, it did not prove to be a problem in 

creating the propensity scores. 

 

The largest change in unemployment between interviews is between times 1 and 2 (Figure 3).  If 

the first 4 interviews were used, the measurement error hypothesis that the decline in employment 

was due to change in understanding of the employment questions might make sense.  The idea is 

that the respondent has time to think about the concepts after the interview, and may respond 

differently at the second interview.  The decline in changes from time 1 to time 4 would support 

the idea.   The changes in the last 4 interviews do not fit this hypothesis.  Aggregating the later 

differences T3-T8 would lead to too small a difference to explain the rotation group bias anyway. 
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Figure 3: Unemployment rate differences by time in sample. 

 
 

   

 

Figure 4: Education and Unemployment rate differences. 

 
Note: The scale for education is grouped from no high school through graduate degrees; the mean 

represented here is between “High school graduate (39)” and “some college (40)”. 

 

One of the strongest correlates of measurement error in other studies is education level.  This 

graph (Figure 4) shows the difference in education between those who change from “not in the 

labor force” to unemployed (blue bar), to those who change from unemployed to “not in labor 

force”.  These are the two concepts that are most likely to be confused (those who are employed 

are clearer on their status).  The differences in education levels are very slight for most interview 

times, and do not conform to the idea that the changes would happen earlier in the interview 

process.    
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Figure 5: Moving by time in sample. 

 
 

Figure 5 shows the proportion of households that moved.  The rate is fairly constant (there are 8 

months between 4 and 5, which would account for that increase), except for interview 7.  The 

number of movers is not sufficient to account for much of the changes in employment. 

 

Figure 6: Moving by time in sample. 

 
 

 

Figure 6 shows that the unemployed are more likely to have moved the next time they are 

contacted.  There is a large increase in unemployment for the 5
th

 month (more move by the next 

time in sample, 8 months later), but the other large effects (1
st
 and 7

th
) are not explainable by the 

hypotheses put forward here.  
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Because there are so few movers, the impact on the unemployment rate overall is negligible (in the 

hundredth of a percentage point, rather than the 2 point decline in unemployment observed in the 

total sample.  The greater variability of those who moved is possibly related to the small number 

of movers. 

 

Figure 7; Proxy reporting and unemployment. 

 
 

Figure 7 shows the difference between proxy and self-reporters.  “Self-reporters” are those 

reporting employment status for themselves, proxy reports are those reporting for others.  The 

interviewers are supposed to ask each eligible person their labor force questions, but if they are not 

available a proxy report can be accepted. 

 

The proxy reports start lower, but do not change as much as for self-reports.  Could it be that 

asking about employment is motivating the person responding to search for employment (a type of 

Hawthorne effect)?  The 1 point difference overall would represent about a half point decline in 

overall estimates, the largest effect so far. 

 

Figure 8: Predicting nonresponse – logistic model coefficients. 

 
 

 

7 

8 

9 

10 

T1 T2 T3 T4 T5 T6 T7 T8 U
n

e
m

p
lo

ym
e

n
t 

ra
te

 

Time in Sample 

Self 

Proxy 

-2 

-1 

0 

1 

2 

3 

Bivariate Models 

L
o

g
is

ti
c
 C

o
e

ff
ic

ie
n

ts
 

    
HUNGUP 

    NOTAPP 

    
TOOLONG 

    
SCHEDULE 

    
PRIVACY 

    TIME 

    
HOSTILE  



Figure 8 shows the coefficients from the bivariate logistic models for the CPS using the concerns 

expressed on the CHI to predict refusal.  They showed positive relationships between most of the 

concerns and refusal during some of the interviews.  “Family issues” (issues, which was not 

significantly related to refusal) and “intends to quit” are the two related to not refusing.  

Additional information on the models and their propensity scores are described in Dixon (2005). 

 

Figure 9: Nonresponse bias.

 
 

Figure 9 shows that those who are like the nonrespondents based on the CHI propensity scores 

usually have a slightly higher unemployment rate, leading to a very small negative bias in the 

estimates.  The size of the bias and the pattern would not explain the rotation group bias. I was 

looking to explain almost 2 percentage points, and this would explain only .05 of one point. 

 

5. Discussion 

 

The CHI data were useful in modeling the relationship between concerns expressed by 

respondents and refusal/noncontact.  The resulting propensity models indicated very slight 

nonresponse bias.  The effect was too small to support the attrition hypothesis.  The limitation on 

the conclusions are the assumptions behind the propensity models. In other words, the CHI relates 

to nonresponse, and those who had similar concerns could represent nonrespondents employment 

status. 

 

Moving had a very small effect on bias.  The limitations are that the number of movers were small 

over the time period and does not capture any relationship between nonresponse and moving.  The 

small number of movers combined with the small number of nonrespondents make any 

confounding unlikely to contribute to the rotation group bias with a large effect. 

 

Measurement error had an even smaller effect on bias, and was not supported by the patterns of 

change in unemployment.  The limitation is the lack of a better model of measurement error.   

The largest effect was for proxy/self-reporting.  The relationship seems to point to something like 

a Hawthorne effect, but the proxy reports also show some decline.  If that is also related to the 

household being interviewed, then the effect could account for much of the rotation group bias.  It 

would be interesting to design an experiment to test the hypothesis.  If administrative records for 

unemployment benefits for those interviewed in the CPS showed a similar rotation group bias, 

then an observational study could use those applying for benefits as a natural comparison group, 

with little added burden on the respondents. 
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Future research could include combining the hypothesized sources of error into one model so their 

relative contribution could be determined.  The changes in labor force status would be modeled by 

the two nonresponse propensity scores, a measurement error indicator, moving status, and proxy 

reporting indicator all in one model.  The relative contribution would be clearer when they are all 

dealing with the same data in combination, rather than separately as in this study.  
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